Dynamic Programming,
Reinforcement Learning,
Message Passing
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Puzzle #1
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Approach #1

Intuition
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Approach #2

Infinite Series
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Approach #3

Markov Reward Process
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Puzzle #2
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Approach #1

Probability Tree
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Approach #2

Markov Reward Process

(1-p)/1
( ) p/1 ( ) p/1
start —
(1-p)/1

Bellman equationg AF23}0] state 79| valueE 2|4t

V(T) = 1+(1-p)V(T)+pV(H))
V(H) = 1+1-p)V(T)

Sungjoo Ha 8/23



RL Perspective

» Markov process modelS M| 2Ct.
o State set
e Action set
 Transition probability
» Reward distribution
» RL 2 LS ARZStC)
« Solve Bellman equation by matrix inversion (MRP)
 Value iteration
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Puzzle #3
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MRP Approach

> S0 10| g7[7t2] LofL SRA=A1E HEiZ d=C

» No action

» OIS HEIZ 0jZ &#E2 dSEE2FH YEIED.

» Reward= Off A|GHO}CH 1
V(s)z %22 sTF 2| 0| I Lt2LOF 5t
HEl= 10|04 O] wje| 7+2| V(1)& +15t= A0 =&
O|C}. Bellman equation, V(s) =1+
St}
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MRP Approach

Lets —u=t¢
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MRP Approach

Differential equation2 M <H,

dv(s)
du

=V(s)
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Puzzle #4
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Markov Decision Process Approach

» A H2 (W IIE, A2 7tE) A4S MEiZ A=Ct

» Action2 A& AHYS &R

» Transition probabilty= 0= 7t= S22 =A10]| 2|3
2=

» Reward= Q8 BR= &7H02H 220 O Mojl= 24 0
o|ct.
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Value lteration

import numpy as np

rewards = np.array([np.arange(27) - i for i in range(27)]) * 100
p = lambda i, j : j / (1 + j)
V = np.zeros(27 * 27) .reshape(27, 27)

for k in range(100000):
i, j = np.random.randint(0, 27, size=2)
Q_stop, Q_play = rewards[i, jl, O
Q_play += (1 - p(i, j)) * V[i - 1, j] if i != 0 else O
Q_play += p(i, j) * V[i, j - 1] if j != 0 else O
V[i, j] = max(Q_stop, Q_play)

print(V[-1, -11) # 262.44755/48993924
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Observation #1

Fibonacci

DP Z4|E RLC| 2tH0M HZHEH A Al0| MR |= 227t
okCh
Lo -
» Fibonacci sequence
HEl=n
No action

No transition
Return2 0|4 & AtE}Q| 712|2]| &

=P

Vin)=V(n-1)+V(n-2)
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Observation #1

Viterbi
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Chain structureE |l graphical modelO| A argmax 24|
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Transition probability= 0|2| dal| & (=2 Baum-Welch/EM
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Message Passing
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Observation #2

Message passing2t DP, RL/value iteration 22| 2tA|
D0IGHEH 2= FAFHO| E2{ LT}

» Chain =2 tree HE{2| graphical modeld| A= dynamic

programmingS £5f argmax 24|12 J&5HH 2 & US

» Message passing 0|2}= 0|22 2 Z2 A=
» Message passing2t RL/Value iteration2| 2tAE 11 0ls=
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Message Passing & Value Iteration

—

» General graphOj| A= approximationS AL, i.e., loopy
belief propagation
» LoopE 2A|5tL OFz| tree @1 Zi3{d message passing
« DampingS 35l convergenceS =2
» MDPO||A returnO| ZEst= A8 7| 2ol =Qot= LH S
StLt7t discounted reward
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Backpropagation

» Backpropagation= DP2| U=

—

» Backpropagation2 £35H= 2T = DAG
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Therefore psychologically we must keep all the theo-
ries in our heads, and every theoretical physicist who
is any good knows six or seven different theoretical rep-
resentations for exactly the same physics.

(Richard Feynman)
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